INTRODUCTION
broadly outline temperature and precipitation projections over the Pacific region, using an ensemble of simulations from global climate models (GCMs) from the Intergovernmental Panel on Climate Change (IPCC) 4th Assessment Report (AR4) archive (now known as Phase 3 of the World Climate Research Project Climate Model Inter comparison Project, CMIP3; Meehl et al. 2007a) . Through an assessment of the current climate literature, the AR4 reported that across most of the Pacific region, temperature projections tend to follow the global average warming rate, although stronger warming occurs in the central equatorial Pacific and weaker warming occurs in the south. The strongest increases in precipitation occur over the Intertropical Convergence Zone ABSTRACT: Climate projections provide important information for risk assessment and adaptation planning. The CMIP3 archive of global climate model (GCM) simulations has been used extensively for such projections over land-based regions, but limited attention has been paid to the western tropical Pacific, where vulnerability is likely to be high. Adaptation policies within the western Pacific currently are based on the heavily summarised information within the IPCC fourth assessment report. This study builds upon the IPCC projections by analysing and presenting projections of change from the CMIP3 GCMs and demonstrating spatial differences in projections across the west Pacific domain. Atmospheric fields considered in this paper include surface air temperature, precipitation, and wind speed and direction for the SRES A2 emission scenario for 2080−2099, where the projected change is relative to 1980−1999. Results for all fields are based on 3 types of multi-model ensembles: the all-model (ALL) ensemble (19 models), the BEST ensemble (15 models) and the WORST ensemble (4 models). The BEST and WORST ensembles are based on model skill in simulating relevant climatic features, drivers and variables, which govern the interannual and annual climate of the study region. The WORST ensemble was found to generally exhibit a statistically significant bias in projections for precipitation, wind speed and wind direction in reference to the ALL ensemble. This bias is always statistically significantly different for surface air temperature. Some biases are still present in the BEST ensemble for all variables in comparison to the ALL ensemble, and uncertainty is not always reduced when the WORST models are eliminated from the ensemble. Overall, we advocate the use of the BEST ensemble when considering domain-wide projections due to the ability of the model members to simulate the current climate across the region.
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Most island states within the Pacific have a low adaptive capacity to climate variability and change, especially for extreme weather events (Mimura et al. 2007 , Nunn 2009 ). Furthermore, the magnitude of projected changes in a given variable or process may result in amplified impacts. For example, a 10% reduction in precipitation by 2050 could lead to a 20% reduction of the freshwater lens on Tarawa Atoll, Kiribati (Mimura et al. 2007 ). Other impacts include those on agriculture and human health which are directly related to temperature and precipitation changes, as well as coastal impacts associated with sea level rise and storm surges (Mimura et al. 2007 ). The impacts of climate change on many of the Pacific islands may be further exacerbated by their remote location and small size (Nunn 2009).
The Asian Development Bank (ADB) Climate Change Implementation Plan for the Pacific (ADB 2009) is used extensively by the Pacific Islands as a reference in adaptation and mitigation planning. However, projection data listed in the report is outdated by more recent peer-reviewed literature. While a very valuable resource, recent research indicates that the ADB (2009) report under-estimates the range of sea-level rise (e.g. Lowe & Gregory 2010) and over-states the current confidence in El Niño− Southern Oscillation (ENSO) projections (e.g. Meehl et al. 2007a . Both the AR4 (Meehl et al. 2007b ) and much of the current literature indicate that changes in the frequency and severity of El Niño and La Niña events are uncertain over the 21st century (e.g. Guilyardi et al. 2009 . The ADB (2009) report also shows inconsistencies with the AR4 in temperature and precipitation projections, where changes for 2080−2099 are based on 21 GCMs for the A1B scenario for maximum, minimum and the 25th, 50th and 75th percentile changes over the north and south Pacific , their Table 11 .1). There is an urgent need to provide projections based on the latest climate models to the Pacific Islands to overcome such inconsistencies, as updated and improved projections have the potential to improve adaptation and mitigation planning.
The present study addresses this issue by developing projections for the western Pacific based on CMIP3 GCMs. Projections of change are provided for annual and 6-monthly (i.e. wet season/dry season) surface air temperature (TAS), precipitation (PR), wind speed (WSP) and wind direction (WDIR) over a spatial domain prescribed by the Pacific Climate Change Science Program (PCCSP; Fig. 1 ). The PCCSP is an Australian research program aimed at improving the availability of climate science information for 15 developing countries (Palau, Federated States of Micronesia, Marshall Islands, Nauru, Kiribati, East Timor, Papua New Guinea, Solomon Islands, Vanuatu, Tuvalu, Fiji, Tonga, Samoa, Niue and the Cook Islands). Projections for each variable are analysed for the Special Report on Emission Scenarios (SRES) A2 (high emissions) scenario (Nakić enović et al. 2000) , for the overall PCCSP domain (i.e. the area indicated in Fig. 1 ) as well as 3 feature-based regions. The feature-based regions are de fined by the dominating climate features, the South Pacific Convergence Zone (SPCZ), the ITCZ, and the West Pacific Monsoon (WPM).
Before projections are derived from climate models, their 20th century simulations are compared with observations qualitatively and quantitatively. This assessment is very important since GCMs differ in their ability to simulate key climate variables due to differences in model resolution, parameterization schemes (Liu et al. 2010 , Zhang & Song 2010 and the representation of physical processes (e.g. the carbon cycle, dynamic vegetation, aerosol effects). Many studies (Murphy et al. 2004 , Dessai et al. 2005 , Piani et al. 2005 , Perkins et al. 2007 , Gleckler et al. 2008 , Pierce et al. 2009 , Reifen & Toumi 2009 , Smith & Chandler 2010 , Irving et al. 2011 have documented the skill of the CMIP3 GCMs for a range of variables and processes using a suite of metrics for various spatial domains. Collectively, these studies have shown that a given model's skill may vary across different climatic fields and regions. Gleckler et al. (2008) concluded that no CMIP3 model performs 'best' for every simulated variable, nor is any one model above average for all variables. Irving et al. (2011) and Brown et al. (2011) further demonstrated this for the PCCSP domain. There is evidence that the all-model ensemble (consisting of all models with available data), where all models are uniformly weighted (i.e. the all-model ensemble average), performs better than any single GCM, despite the individual model's performance (Tebaldi & Knutti 2007 , Reifen & Toumi 2009 ). However there is also evidence, at least at the regional scale, that rejecting models which perform poorly over multiple criteria may narrow the uncertainty and range in future projections , Sánchez et al. 2009 .
The approach taken in this paper therefore attempts to combine findings and guidelines by studies such as Tebaldi & Knutti (2007) , Stainforth et al. (2007) , , Knutti et al. (2010) and Smith & Chandler (2010) . This incorporates a multimodel ensemble (MME) across most models, where models believed to be missing or strongly distorting key processes are disregarded (Irving et al. 2011 ). The exclusion of such models has been shown to produce projections which are different to all-model ensemble projections ). We adopt this approach here using the extensive regional assessment of CMIP3 GCMs by Irving et al. (2011) in an attempt to reduce some of the uncertainty in future projections. The GCMs that are eliminated in this study were shown by Irving et al. (2011) to be demonstrably weak in simulating a number of important aspects of tropical Pacific climate.
While some models left in the MME may still be considered 'outliers' in their current and/or future projections (e.g. their individual projections deviate greatly from the MME mean), they are retained because they demonstrated reasonable skill in simulating the current climate and higher skill than the models excluded. The issue of weighting models based on their skill in simulating observed climate has been the subject of much discussion if equal weighting is sufficient (e.g. Giorgi & Mearns 2002 , 2003 , Murphy et al. 2004 , Tebaldi et al. 2006 , Räi sänen 2007 , Stainforth et al. 2007 , Sánchez et al. 2009 , Xu et al. 2010 . Weigel et al. (2010) constructed a framework which illustrated that in theory, projection errors within an MME can be reduced when participating models are as signed an optimum weighting. However, we stress that constructing optimum weights requires very accurate knowledge of model skill, of which there is no consensus as to what such measures constitute. Taking this into consideration, Weigel et al. (2010) further show that an incorrectly weighted MME performs on average worse than a uniformly weighted MME and therefore advocate a uniform weighting as a transparent method which will generally obtain optimum results. This framework, combined with re moving the weakest models, is also supported by Räisänen (2007) and Stainforth et al. (2007) .
Furthermore, by eliminating the models with lower skill outlined by Irving et al. (2011) , we have attempted to reduce some of the uncertainty in future projections . Uncertainties in climate projections come from various sources (e.g. Schnei der et al. 2002) , and quantifying, as well as reducing, these uncertainties is beyond the scope of this paper. Some aspects of uncertainty not ad dres sed here are the focus of the IPCC 5th assessment report process. Here we eliminate the least skilful models and assign equal weight to the models retained. The remainder of this paper is as follows. Section 2 describes the data and methods used in this study, followed by a summary of how the main climate features and drivers of the study region are evaluated in the CMIP3 GCMs. Section 3 provides the results, Section 4 a discussion including linking changes in variables to changes in climate drivers and features and Section 5 a summary and conclusions.
DATA AND METHODS

Study region and model data
The spatial domain of the study region considered is shown in Fig. 1 2° (e.g. CSIRO-Mk3.0) to 4° × 5° (e.g. GISS-ER), so all models were regridded to 2.5° × 2.5° using the SCRIP regridder within the Climate Data Analysis Tool (CDAT; www2-pcmdi.llnl.gov/cdat), allowing for the construction of multi-model ensembles. Projections for the 21st century are constructed for TAS, PR, WSP and WDIR for the SRES A2 emission scenario (Nakić e nović et al. 2000) for the period 2080−2099 (henceforth called 2090) relative to 1980−1999 (taken from the 20c3m simulation). WSP and WDIR data were not available under the A2 scenario for 3 of the models (Table 1 ). This base period was chosen as it represents a climatology of the same length as the future period, is exactly one century earlier, and is included in the time period used to perform much of the evaluation in Irving et al. (2011) , where models are compared to 'current' conditions. The choice of this period for evaluation in Irving et al. (2011) was determined by the length and quality of data of the reference products, particularly when considering the inclusion of satellite data in 1979. Annual and 6-monthly projections en compassing May to October (MJJASO) and November to April (NDJFMA) are considered for all variables. For consistency, only the first run from each model was used. Irving et al. (2011) . All other models reside in the BEST ensemble. Surface air temperature (TAS) and precipitation (PR) data were available for all models, but not wind speed (WSP) and direction (WDIR), resulting in different members and sample sizes in each ensemble
Model evaluation and selection
To potentially reduce some of the uncertainty in projections, this study uses the results of Irving et al. (2011) , where the CMIP3 GCMs were evaluated rigorously over the PCCSP region (see Fig. 1 ). Generally, the evaluation of a climate model includes comparing the 20th century model output to observations/ reanalyses over the same time period. This assumes that a model's performance in simulating the current climate will influence its ability to simulate future conditions. While there is no guarantee that this assumption will be met (Jun et al. 2008 , Knutti 2010 ), evaluating a model for events that have not yet occurred is impossible. However, they can be investigated if models which perform well in simulating the current climate (i.e. members of the BEST ensemble, see Section 2.3) converge in their future projections. This has been addressed in other re gional studies (e.g. ) and is a major focus of the current study. Irving et al. (2011) evaluated the CMIP3 GCMs for their ability to simulate 9 key aspects of 20th century climate. This list includes: TAS, WSP, WDIR, and PR; the dominating climate features including the SPCZ (Vincent 1994 , Folland et al. 2002 , ITCZ (Waliser & Gautier 1993) , and WPM (Hendon & Liebmann 1990a,b) ; ENSO (Diaz & Markgraf 2000 , van Oldenborgh et al. 2005 ; the magnitude of spurious climate model drift (Power 1995 , Covey et al. 2006 ; and sea surface temperature (SST) trends. For atmospheric (oceanic) evaluation, models were interpolated to a common 2.5° (1.0°) latitude/longitude grid prior to analysis. A brief description of how each aspect was evaluated is given below, and detail is presented in Irving et al. (2011) .
For each of PR, TAS, WSP and WDIR, metrics used to assess each climate model include the phase and amplitude of the seasonal cycle. Over the period 1979− 1999 Irving et al. (2011) assessed the ability of the models to simulate the:
(1) magnitude of temporal variability associated with the annual cycle;
(2) magnitude of temporal variability about the annual cycle; (3) amplitude of spatial contrasts in climatological averages; and (4) spatial structure of climatological averages.
In evaluating the ability of the CMIP3 climate models to simulate a realistic SPCZ, Irving et al. (2011) used the SPCZ region (0 to 30°S and 155°E to 140°W) of Brown et al. (2011) . The mean location of the SPCZ over this region was assessed by calculating the spatial correlation between the modeled and ob served December to February (DJF) mean PR fields. Irving et al. (2011) also assessed the ability of the mo dels to simulate interannual variability in the mean latitude of the SPCZ. The correlation between the mean SPCZ latitude and model Niño 3.4 index was calculated and compared with the observed relationship (see Brown et al. 2011 for details).
The mean location of the WPM was assessed by calculating the pattern correlation between the modeled and observed DJF PR over an appropriate WPM region (20°S to 20°N and 110° to 160°E). The intensity of the WPM has a strongly inverse relationship with ENSO (e.g. Zhu & Chen 2002) . Therefore, the ability of the models to simulate this relationship was assessed by calculating the correlation between the total DJF PR over the WPM region and the model simulated Niño 3.4 index.
Interannual climate variability in the Pacific and surrounding regions is dominated by ENSO. In order to simulate a reasonable ENSO simulation, climate models need to realistically reproduce the (1) strength and frequency of ENSO events, (2) spatial pattern of ENSO, and (3) link between ENSO and climate variables such as PR. Property 1 was assessed by calculating the ratio between the standard deviation of modeled and observed monthly Niño 3.4 index variability over the period 1950−1999. Property 2 was assessed using the spatial correlation coefficient between modeled and observed maps of the temporal correlation between mean July to December Niño 3.4 index and the mean SST anomaly at each grid point over an 'ENSO region' (25°S to 25°N and 120° to 240°E [i.e. 120°W] ). Property 3 was assessed as follows. First the temporal variability in the July to December Niño 3.4 index was correlated with temporal variability in July to December PR totals at each grid point for both the models and the observations. The spatial correlation coefficient between the observational map and the corresponding map for each model was then calculated. The ratio between the standard deviation of the model and observed temporal correlation fields was also calculated and combined with it as per the S statistic proposed by Taylor (2001) .
A persistent problem with some coupled climate models is that of spurious climate drift, which is a drift in model climatology that is due to systematic errors in the climate model and not due to genuine climate variability or genuine external climate forcing (e.g. Power 1995 , Covey et al. 2006 . These drifts are a result of errors in surface fluxes between the climate model components and deficiencies in the model physics, which mean that the equilibrium state of the model is different from the initial (usually observationally derived) state. In order to objectively evaluate spurious climate drift in each of the models, the magnitude of the pre-industrial (PIcntrl) linear TAS and PR trend at each grid point over the PCCSP region was calculated for a 150 yr period, aligning with the 1900−2050 period of the 20th century (20c3m) simulation. The spatial average of these trend magnitudes was taken as a measure of model drift. The method used to accomplish this is described by Sen Gupta et al. (in press) .
The ability of the CMIP3 models to capture the warming observed in recent decades was as sessed by calculating the 1950− 1999 linear SST trends, using the 20c3m simulation at each grid point over the PCCSP re gion. These trends were corrected for spurious model drift by subtracting the linear trends from the 150 yr pre-industrial simulations and compared to observed trends by calculating the average magnitude of the grid point errors.
Once all of the above assessments were made, Irving et al. (2011) calculated a normalised score for each metric using a method similar to Santer et al. (2009) , so that one metric per aspect (i.e. per variable, feature, ENSO and model drift) could be defined. Once the absolute error for each metric was obtained, it was normalised by converting it to an anomaly (i.e. by subtracting the multi-model average score) and then dividing that anomaly by the intermodel standard deviation. Good and poor performance was indicated by increasingly negative and positive normalised scores, respectively, and for each metric these normalised scores had a multi-model average of 0.0 and standard deviation of 1.0. To obtain an indication of overall model performance on each of the 9 key aspects, an average over all relevant normalized scores was also calculated by Irving et al. (2011) (Fig. 2) .
The conclusions of Irving et al. (2011) therefore provide guidance on the relative skill of the models in simulating climate over the PCCSP region and which models to eliminate from particular projections. Models deemed as the poorest performers by Irving et al. (2011) include INGV-SXG due to its large drift, GISS-ER as no ENSO signal is present, and PCM and INM-CM3.0 as they were found to be relatively poor performers over numerous metrics (Fig. 2) . GISS-AOM and GISS-EH are also poor performers but do not provide data for the A2 scenario and are therefore not relevant to the present study.
Model ensembles and projections
Using the results of Irving et al. (2011) , we define 3 ensembles to provide projections for each variable. These ensembles are (1) the ALL ensemble (all 19 models), (2) Table 1 for model descriptions and Table 2 SST: sea surface temperature on the performance of the GCMs across all criteria in Irving et al. (2011) , where (INGV-SXG, GISS-ER, GISS-EH, INM-CM3.0 and PCM) were omitted from the ALL ensemble. These 3 groups or ensembles of models were used for all annual and 6-monthly projections for all variables, that is the same models make up the BEST and WORST ensembles for each variable and time period. While there is strong evidence that any given model does not perform consistently across multiple variables (e.g. Whetton et al. 2007 , Gleckler et al. 2008 , segregation of the models into ensembles is based on the overall evaluation scores presented in Irving et al. (2011; our Fig. 2) . Furthermore, using the same set of ensembles for all variables allows the present study to give physically consistent projections across a number of climate variables, unlike some previous regional studies (e.g. Pitman & Perkins 2008 ).
Results in this paper are presented in a similar format to the IPCC AR4 (Meehl et al. 2007b , showing mean projections of the ensembles and the corresponding standard deviations. Projections in the AR4 make use of all GCMs whereby taking the mean assigns equal weights to all members, or the 'one-model-one-vote' approach (Knutti 2010 ). As noted above, we take a similar approach in that all members of each of the 3 ensembles are equally weighted; however we include another step by constructing Ensembles 2 (BEST) and 3 (WORST) based on model skill, which allows us to determine if projections are altered by the elimination of certain models. The WORST ensemble is in cluded to illustrate the influence that poorer performing models may have on the ALL ensemble; projections from this ensemble are not recommended for risk assessment and adaptation planning.
All projected changes are calculated individually for each model and the average is taken across all members of the respective ensembles. PR and WSP changes are calculated as percentages relative to the base period, TAS is presented in degrees Celsius and WDIR is presented as degrees change relative to the ensemble median base period direction (also shown). Positive values indicate a clockwise change, and negative values an anticlockwise change.
For each ensemble projection, the standard deviation (σ) was calculated to measure intra-ensemble variability in order to quantify the contrasts between the individual members. Determining if the ensemble members have similar projections of change to one another is useful. In the case of the BEST ensemble, this can help determine if omitting the lessskilled models reduces some of the uncertainty by narrowing the spread of the projected changes, particularly when compared to the ALL ensemble. Furthermore, looking at a measure of spatial ensemble variability can help determine if the uncertainty associated with a given projection is uniform or if regional differences occur and if uncertainty differs across projection scenarios.
There are 15 models included in the BEST ensemble and only 4 in the WORST. This difference in ensemble size has an impact on σ. Conclusions by Irving et al. (2011) suggest only 6 models with little confidence in simulating the current climate from the overall CMIP3 ensemble of 24, of which a total of only 19 provide data for the A2 scenario. Based on the overall evaluation performed (Fig. 2) , there is not enough evidence to remove any of the other 18 (15). Al though some models have a wide range of performance across all aspects, their overall scores are similar, which makes it hard to distinguish between the models any further, resulting in only 4 models in the WORST ensemble. While increasing the size of the WORST ensemble by just 1 or 2 more members would increase the respective validity of σ (and have little impact on projections from the BEST ensemble), the authors do not find it reasonable to label any further models as poor performers, due to the close proximity of their overall scores (i.e. there is not enough evidence to take any more models from the BEST ensemble). Therefore, great care is advised when considering projections of σ for the WORST ensemble due to is sensitivity for small samples. This ensemble is included as a point of comparison with the ALL and BEST ensembles, rather than as a robust projection.
The statistical significance was calculated between the ALL ensemble and the 2 ensemble subsets for the entire study (PCCSP) region, as well as 3 featurebased regions: the SPCZ, ITCZ and WPM regions. The non-parametric Kolmogorov-Smirnov test (Stephens 1970 (Stephens , 1986 ) was used to determine if the ensemble change of the subset ensemble (BEST, WORST) was significantly different from the ALL ensemble. The null hypothesis that the ensemble subset change for the region is not distinguishable from the ALL ensemble change is rejected at the 5% significance level. This was performed to determine if the difference between current model performance and future projections varies across the domains affected by the respective climate features. Since the CMIP3 GCMs can only provide projections at course resolution, great care needs to be taken when interpreting both evaluation and projection results at sub-regional scales (i.e. those smaller than continental). The size of the PCCSP region and the feature-based regions were chosen with this in mind.
Projections were also calculated for the B1 and A1B SPES scenarios and also for 20 yr periods centred on 2030 and 2055. While not presented, spatial patterns of change and their statistical significance were mostly the same across scenarios and time periods but generally of lower magnitude under the lower emission scenarios as well as time periods that occur earlier in the 21st century (see Section 4.1). Fig. 3 shows the mean TAS 2090 projections for ALL, BEST and WORST ensembles for annual, MJJASO and NDJFMA under the A2 scenario. Projections from the ALL and BEST ensembles show warming of 3°C for most of the region. The BEST ensemble projects up to 4°C warming over the Pacific cold tongue. This larger increase may be due to a cooler baseline climatology and the GCM 'cold tongue bias', where the model simulated cold tongue extends too far west (e.g. Bellucci et al. 2010) . The ALL ensemble projects 0.5 to 1.0°C less warming over the eastern equatorial area of the PCCSP region than the BEST ensemble. Increases of 2.5°C in the southeast are common across all 3 ensembles. Although projections made by the ALL and BEST ensembles appear very similar in Fig. 3 , Table 2 shows that for all regions and seasons the BEST ensemble is statistically significantly warmer. Furthermore the WORST ensemble is statistically significantly cooler than the ALL ensemble. Regionally-averaged differences of change are almost always positive in the BEST ensemble and almost always negative for the WORST ensemble, when compared with the ALL ensemble. The BEST models cluster towards larger magnitudes of change in the ALL ensemble, and the WORST models towards lower magnitudes. Fig. 4 shows the standard deviation (σ) of the variability in projections between ensemble members of each ensemble (see Fig. 3 ). Lower (higher) values of σ indicate lower (higher) uncertainty. Uncertainty is lower in the BEST ensembles where σ for most of the region is no more than 0.4°C. Much of the north/ northeast and equatorial area of the PCCSP region has σ values of 0.4 to 0.6°C in the ALL ensembles with some seasonal variation of this magnitude in the south. Higher σ values in the ALL ensemble in these locations may be related to known biases in climate features (namely the ITCZ and SPCZ; Moise & Delage 2011) and the cold tongue (e.g. Bellucci et al. 2010) . The BEST ensemble also has higher σ values over the cold tongue; however the magnitudes and size of this area are smaller than the corresponding ALL ensemble. The WORST ensemble consistently has the highest uncertainty across almost the entire region, particularly in the eastern part of the PCCSP domain and the north and south of the region, where σ is between 0.5°C to 0.8°C. Some uncertainty is reduced in projections of TAS when using only those models with reasonable skill, as the BEST ensemble has a smaller spread than the ALL ensemble. encompasses the domain of the SPCZ, during the annual and NDJFMA projections (Vincent 1994 , increases of 30 to 40% in the north, which encompasses the range of the ITCZ, during all seasons (Waliser & Gautier 1993) ; and decreases near East Timor during MJJASO. Increases in PR are also evident in the WORST ensembles but are slightly smaller in size over the equator in the annual and MJJASO projections and are larger in the south of the region during all periods. Increases in precipitation in the north of the region are also less pronounced in the WORST ensemble. Projections using the BEST ensemble are generally not significantly different from the ALL ensemble (with the exception of annual projections over the PCCSP and ITCZ regions, and MJJASO projections over the PCCSP and SPCZ re gions). On the other hand, projections from the WORST ensemble generally are significantly different from those of the ALL ensemble (Table 3) . Similar to TAS, regionally averaged PR biases are almost always positive in the BEST ensembles and almost always negative for the WORST ensembles when compared with the ALL ensemble. That is, there is a greater increase in precipitation in the BEST models than the WORST models. Fig. 6 shows the ensemble standard deviation among each ensemble presented in Fig. 5 . Areas of higher ensemble variability (up to 100%) correspond to areas of largest increase in Fig. 5 (most notably over the cold tongue) particularly during MJJASO using the BEST and ALL ensembles. Values of σ of up to 50% are associated with the drying over East Timor during MJJASO, and σ values of 40% occur zonally at 10°N during NDJFMA, which may be related to ensemble members differing in their ITCZ positioning (not shown). Higher σ values associated with the cold tongue show a more zonal pattern in the WORST ensembles and extend further west. Values of σ in the WORST ensembles are around 10% less in some areas than those of the other 2 ensembles, which are comparable to one another. The smaller ensemble variability in the WORST ensemble is likely to be due to the smaller sample size. Fig. 7 presents changes in WSP for the PCCSP region. When considering ALL and BEST ensemble projections, the annual mean WSP decreases by 5 to 10% in the north and increases by 5 to 15% south of 5°S and in the far northwest. This implies a weakening of the Walker cell along the equator (changes are between −5 and −10% between 5°N and 5°S), which is consistent with other studies (e.g. Vecchi et al. 2006 , Power & Kociuba 2010 . Changes in the southwest are 5% smaller in the BEST ensemble than they are in the ALL ensemble. Similar north/south spatial patterns occur during MJJASO; however increases in the south are pushed towards 10°S and vary between 15 and 45%. Decreases in the centre of the region are 5% larger in the BEST ensemble than in the ALL ensemble, and decreases also appear in the west of the region. Projections for NDJFMA using the BEST ensemble show increases of 5 to 10% in the far north and south, increases of 10 to 30% stretching southwest from Papua New Guinea, and increases of 30% in the west near East Timor. The rest of the region shows decreases of around 5%, and most other projections in the BEST ensemble are generally similar to those in the ALL ensemble, with the exception of an increase in the centre of the region. Considerable differences are evident in the WORST ensembles. Much of the region (particularly the north) has increases of up to 30% for the annual mean and increases exceeding 45% that occur east and west of Papua New Guinea, related to seasonal shifts of the WPM. Decreases of 10 to 25% oc cur southeast of Papua New Guinea during NDJFMA, which encompasses at least part of the SPCZ. Increases of at least 45% occur in the northwest during MJJASO, again possibly related to seasonal shifts in the WPM. In con- Table 2 legend for region abbreviations and locations junction with results from NDJFMA, the poorer performing models tend to exacerbate increases of WSP over the WPM spatial domain. Wind speeds tend to increase over much of the region in the WORST ensemble during NDJFMA, with the exception of in and immediately west of Papua New Guinea. Table 4 presents the feature-based regional projections and differences for WSP and shows that almost all biases in the ensemble subsets are distinguishable from the ALL ensemble when averaged for each region. Biases in the BEST and WORST ensembles are negative and positive, respectively, implying projections are smaller and greater, respectively, in magnitude than those of the ALL ensemble. Fig. 8 shows the ensemble σ for the corresponding categories presented in Fig. 7 . Among the WORST ensemble, highest uncertainty occurs in areas with the largest projected increases (e.g. the northwest during MJJASO). This is also the case for the ALL and BEST ensembles, al though larger σ values also occur in the centre of the region during MJJASO using the BEST ensemble (an area which shows slightly larger decreases) and northeast of Papua New Guinea for the annual projections in the BEST and ALL ensembles. In the ALL and BEST ensembles uncertainty generally decreases in the northeast by 5% for the annual mean, to the east of Papua New Guinea during NDJFMA by up to 25%, and by 5 to 10% in the west and northeast during MJJASO.
RESULTS
Surface air temperature (TAS)
Precipitation (PR)
Wind speed (WSP)
Wind direction (WDIR)
For wind direction, a high degree of similarity is evident between the ALL and BEST ensembles (Fig. 9) . Changes just south of the equator are in a clockwise direction, so the direction of flow becomes more easterly in this region. This change is of higher magnitude (up to 15°) during NDJFMA and contracts north during MJJASO. This easterly shift covers a similar area to regions of largest PR increase in Fig. 5 . Easterly flows also become more prominent in the southwest during the annual and MJJASO periods and in the south during NDJFMA and MJJASO. Seasonal differences occur in the north particularly in the ALL ensemble, where change is generally clockwise (anticlockwise) during NDJFMA (MJJASO), which result in more zonal easterly winds. WDIR in the northeast becomes more meridional during MJJASO in the ALL ensemble but becomes more zonal in the BEST ensemble. Changes in the west appear variable for both of these ensembles particularly for the annual mean, which can be explained by the lack of dominating flow associated with the seasonal shift of the WPM and the higher uncertainty among the ensemble members to capture the change in direction. Similar to Fig. 7 , considerable disparity is evident in the WORST ensemble when compared to the ALL and BEST ensembles. This is particularly true west of Papua New Guinea during NDJFMA, which also corresponds to an area of large WSP increase (Fig. 7) .
Large clockwise (indicative of a more easterly flow) changes are also evident in the central north and southeast during MJJASO and to a lesser extent in annual projections. Large anticlockwise changes (at least 10°) are evident southwest of Papua New Guinea and in the northeast for the annual mean, in the northeast and northwest during MJJASO, and in the south during NDJFMA. Overall changes of flow, however, are generally still in the easterly direction. Regionally averaged projections of the ensemble subsets (Table 5 ) are generally significantly different from the ALL ensemble, except over the WPM. Hence, removing the WORST models generally makes a significant difference to the projections of wind direction change.
Similar to Section 3.3, larger WDIR values of σ (Fig. 10 ) are generally associated with larger magnitudes of change (in both directions) that are presented in Fig. 9 . Across all ensembles and full/halfyears for areas where projections are ± 2°, σ values are generally no more than 5°. The exception to this Values of σ of around 30° occur in these ensembles over Papua New Guinea and East Timor during NDJFMA, which coincides with the positioning of the WPM during austral summer and areas of up to 10° anticlockwise change in Fig. 9 . In the BEST and ALL ensembles, σ values northwest of Papua New Guinea are at least 30° for the annual mean. Uncertainty in WDIR change tends to be slightly higher over the SPCZ region (σ of 10 to 15°) particularly during NDJFMA. Uncertainty in projected changes in the direction of flow is high at 10°N and 10°S during NDJFMA and MJJASO, respectively. In the WORST ensemble, σ values of at least 10 to 20° occur in the central northeast and northwest and southeast during the annual and NDJFMA, east of Papua New Guinea during NDJFMA, and in the northeast and northwest during MJJASO. All of these are areas of larger changes in Fig. 9 .
DISCUSSION
Ensemble projections and uncertainty
Projections presented for the study region under the SRES A2 scenario by 2090 show warming temperatures of around 3°C, PR increases of at least 60% over the equator and 10 to 30% in the north and south, PR decreases of up to 20% in the far south and over East Timor during MJJASO, WSP decreases (increases) in the north (south), and winds tending towards a more easterly direction. Such projections are consistent across the ALL and BEST ensembles; however the WORST ensemble tends to be substantially different. Despite similar magnitudes and spatial patterns in Figs. 3, 5, 7 & 9 for the BEST and ALL ensembles, regionally averaged mean ensemble projections by the BEST ensembles are always significantly different from the ALL ensemble for TAS (Table 2) , almost always statistically significantly different for WSP (Table 4) , and statistically significantly different for some regions and seasons for PR and WDIR (Tables 3 & 5) . Furthermore, projections from the WORST ensembles are always statistically significantly different from the ALL ensemble for each variable, time period, and region, illustrating that models which have lower skill in simulating current conditions produce distinguishably different projections from the other models in the ALL ensemble. Similar results have also been found over other regions using the CMIP3 GCMs (e.g. ).
Uncertainty (in terms of the inter-model spread) is reduced when omitting the less skilled models for TAS projections (Fig. 3 ) and in some regions for WSP (Fig. 7) . However uncertainty is generally comparable across the ALL and BEST ensembles for PR (Fig. 5) and WDIR (Fig. 9) . Therefore in the latter 2 cases we cannot say that some of the uncertainty in projections of change for the respective variables is reduced when less skilled models are eliminated, at least over the PCCSP region. While we have good reason to place higher confidence in the BEST ensemble compared to the ALL ensemble and (especially) the WORST ensemble, the spread of the individual members is not correlated to model ability for PR and WDIR, i.e. members within the BEST ensemble do not cluster around projected changes in the respective variables any differently than members in the corresponding ALL ensemble (Figs. 6 & 10) .
By 2030 and 2055 under the B1 and A1B scenarios, projected changes in all variables are similar to those presented in this paper but are of smaller magnitude. Changes in TAS by 2030 are up to 1°C for the region across all scenarios, seasons and ensembles. By 2055, spatial patterns emerge where the northeast warms 0.5°C more than the rest of the PCCSP region. Similar warming patterns in TAS (Fig. 3) Table 5 . Regionally averaged change in wind direction (WDIR; °) from the base period (1980−1999) calculated for the BEST and WORST ensembles for annual, November to April (NDJFMA) and May to October (MJJASO) projections. Positive changes imply a clockwise change relative to the base period flow, negative changes an anticlockwise change. Values in parentheses represent the bias from the ALL ensemble average, where significant (p < 0.05) differences are shown in bold. See Table 2 legend for region abbreviations and locations Discrepancies in WSP and WDIR projections and σ values (Figs. 7 to 10) have also been presented. The BEST and ALL ensembles show some regions of larger magnitudes, most notably around 10°N during NDJFMA (in the east), 10°S during MJJASO (in the east and west), and 25°S during the annual and MJJASO timescales. The anomalous patterns at 10°N are generally due to larger changes in just one member, influencing both the mean change and the standard deviation of the ensembles at these locations. The southern (northern) Hadley and Ferrel cell boundaries of the MPI ECHAM GCM during MJJASO (NDJFMA) occurs at 10°S (10°N), explaining the anomalous projections along these latitudes during the respective seasons (see Fig. 11 for MJJASO WDIR change). The large boundary changes (in terms of direction of flow and speed) of the southern Hadley and Ferrel cells in individual ensemble members can occur as far north as 25°S during MJJASO, causing the anomalous WSP and WDIR bands at this latitude in Figs. 7 to 10 during MJJASO and also in the annual projections. Wind speed and direction changes therefore apply at the large scale or regional scale only. This result is also evidence that using only those models with higher skill in simulating changes in the 20th century does not always mean that anomalous errors are removed or that uncertainty is reduced. Metrics that evaluate changes in the Hadley and Ferrel cells should be calculated in future evaluation studies over the Pacific domain, as well as any other region located, even partially, over the subtropics.
Changes in drivers and features
Following the approach of the ADB (2009), we attempt to explain changes in the climate of the Pacific region in relation to changes in ENSO and major climate features (SPCZ, ITCZ, WPM). These features, as well as ENSO, are important, as they govern the Pacific climate on annual, interannual and longer timescales. Undertaking this task may deepen the understanding of the changes in the west Pacific climate presented above and help us assess the degree of confidence we might have in the projections in particular regions. Changes in ENSO, SPCZ, ITCZ, and WPM within the CMIP3 GCMs are discussed briefly below.
ENSO
Since a close coupling exists between TAS and SSTs over the Pacific, changes in TAS from the CMIP3 GCMs under the A2 scenario by 2090 (Fig. 3) reveal that the maximum increase in SST over the domain occurs towards the eastern equatorial area of the PCCSP region (Meehl et al. 2007b ). The maximum SST change extends further east in the BEST models and tends to be more restricted to the central Pacific in the WORST models. The changes in the ALL ensemble and in the BEST ensemble somewhat resemble the pattern of SSTs during a typical El Niño event, in the sense that this is also the location of maximum SST anomalies during El Niño events. Interestingly, the location of these anomalies in the WORST ensemble is close to where the Modoki El Niño has its maximum SST anomaly (Ashok et al. 2007 ). The equatorial easterlies also weaken under global warming (Fig. 9) , as they do during El Niño events.
Despite some similarities between the projected climate change signal and the observed El Niño temperature mean state, the use of the term 'El Niño-like' to characterize the fingerprint of global warming in the Pacific is misleading (e.g. Vecchi & Wittenberg 2010 . This is because the mean pattern of warming by 2090 does not imply that the climate will tend towards conditions experienced during the El Niño phase of ENSO, which is a measure of climate variability rather than a description of the mean state. Furthermore, the extent of agreement between projected El Niño patterns and the global warming signal in the CMIP3 GCMs is very limited, and in some cases they conflict (Guilyardi et al. 2009 , Vecchi & Wittenberg 2010 . In SST projections, for example, there is no off-equatorial SST cooling under global warming (see Fig. 3 for TAS), whereas this pattern tends to occur during observed El Niño events. Under global warming, projected PR tends to increase along the equator (Fig. 5) , whereas during observed El Niño events there is a shift in PR maximum in the west, with PR declining in the far west but increasing further east. Mean sea level pressure (MSLP) changes (not shown) are also very different between ob served El Niño events and in the simulated response to global warming. For example, during observed El Niño events the Southern Oscillation Index (SOI; the difference in pressure between Tahiti and Darwin) decreases (Power & Smith 2007) , whereas under global warming the SOI actually increases (Power & Kociuba 2010) . This leads to wind changes under global warming (Figs. 7 & 9) that are very different to the observed wind anomalies seen during observed El Niño.
No consistent change in ENSO behaviour and variability has emerged from climate change projections from the CMIP3 GCMs (Guilyardi et al. 2009 , Power & Kociuba 2010 , Vecchi & Wittenberg 2010 . A number of models project a shift towards more El Niño events, some project a shift towards La Niña events, and others project little change from the current state (Meehl et al. 2007b , Guil yardi et al. 2009 ). Therefore changes in ensemble-mean PR (and TAS) cannot be attributed to ENSO changes. PR changes, especially along the equator, are therefore related to the local TAS changes and the related changes in atmospheric circulation and convergence, as discussed below.
SPCZ, ITCZ and WPM
Across the CMIP3 models there is little evidence of a systematic shift in the latitude and slope of the SPCZ (0 to 30°S, 155°E to 140°W) or ITCZ (0 to 20°N, 160°E to 120°W) or the north/south east/west positions of all 3 features (austral WPM 0 to 15°S; boreal WPM 0 to 15°N, 110° to 160°E) under A2 by 2090. See Table 1 for model descriptions
In terms of the SPCZ, the BEST ensemble mean shows no substantial shift in the zonal mean latitude or slope of the SPCZ during DJF (Fig. A1 in the Appendix), which is when the SPCZ is most intense and clearly defined. The position of the SPCZ can be calculated using a linear fit to the points of maximum precipitation in the SPCZ region, as described in Brown et al. (2011) . Despite no consistent change in the position of the SPCZ, the ensemble mean annual and NDJFMA precipitation increases within the SPCZ region, as shown in Fig. 5 . For all seasons and annual means, there is an increase in precipitation on and near the equator (Fig. 5) , where warmer SSTs lead to an expansion of both the ITCZ and SPCZ towards the equator. There is a robust increase (of around 15%) in the area of the DJF SPCZ when the convergence zone is defined using the 6 mm d −1 precipitation contour (Fig. A1 in the Appendix).
In terms of changes in the ITCZ position, the BEST ensemble mean shows a small displacement (~0.5°; Fig. A2 in the Appendix) towards the equator in March to May (MAM) and June to August (JJA), compared to a mean location at around 8°N. The small value of this change (below the resolution of most models) reflects both the method of its calculation (from a line 'fit' to maximum rainfall across 80° of longitude) and its multi-model derivation. Although the mean change is small it reflects a strong consensus during these seasons (for example 10 models in MAM show a decrease in latitude compared with an increase in only 2; Fig. A2 ) and is physically consistent with increased equatorial re gional rainfall. Using the 'pattern matching' method of there is found to be an increase in the area of the ITCZ (defined by the 6 mm d −1 contour) in all models during JJA and all but 3 of the CMIP3 GCMs during DJF. Increases in JJA range from close to 0 to over 30%. On average, models have an expansion of around 15% by the end of the century in both DJF and JJA, corresponding to an increase of around 5% °C −1 of Pacific warming (Fig. 3) . Within this area, rates of precipitation also show general increase, resulting in models averaging a roughly 25% increase in total precipitation in JJA and 30% in DJF. This is consistent with MJJASO and NDJFMA projections in Fig. 5 , although the largest fractional precipitation increases in the re gion are found south of the ITCZ in the climatologically dry equatorial zone.
The WPM also shows an increase in mean precipitation (not shown) during both NDJFMA (0.7 mm d ). During the austral WPM, of the 16 models simulating a change in the mean precipitation rate, 11 do so by increasing both area and peak values (the maximum PR rate within the WPM), respectively. The average increase in area is around 5% by 2090 during both the austral and boreal WPM. Four models (GFDL-CM2.0, CSIROMk3.5, ECHAM5/MPI-OM, UKMO-HadCM3) show a relatively strong increase in area and average precipitation during the boreal WPM, which does not occur during the austral WPM. These are all characterised by the ability of these models to provide reasonable simulations of ENSO events and ENSO teleconnection patterns. In summary, there is little evidence of a shift in either of the monsoon precipitation patterns, but there is evidence of an increase in both the extent and the mean precipitation rate within the patterns (not shown). This increase appears stronger in the boreal WPM and is consistent with PR projections in Fig. 5 .
The projections in this paper are consistent with those of other studies (e.g. , Mimura et al. 2007 ) and when considering PR (Fig. 4) with the mean change in associated features. However, the lack of model agreement in the positioning of the features and the direction of change ) and a shift in ENSO towards a more El Niño or La Niña state , Power & Kociuba 2010 , Vecchi & Wittenberg 2010 hampers the explanation of changes in variables to changes in the governing drivers and features. Further research is required to increase understanding of how these features and drivers work, why the models do not agree and how the models may be improved so they are better represented. Confidently attributing changes in mean climate to changes in climate features and drivers is therefore difficult.
Use of projections for adaptation and impacts
Since the resolution of GCMs is very coarse (approx. 100 × 100 to 400 × 500 km), the information re quired for some adaptation and impacts planning projects (e.g. the change of species distributions relative to temperature on the island scale) may not be readily obtainable from projections like those presented here. This is not to say that projections from GCMs are redundant for every adaptation and impacts study. Indeed, many studies have employed GCM projections to determine the effects of a changing climate on many different systems, including human health and morbidity, agriculture, and ecosystem types (e.g. Luo et al. 2005 , Beaumont et al. 2011 . The projections presented in this study could be used to determine the effects of climate change on similar systems within the PCCSP domain. Furthermore, the current study has built on the projections for the region in Mimura et al. (2007) and and has clarified and improved upon some of the information presented by ADB (2009). Since such information is currently being used for adaptation and impacts policy and planning, the present study may provide more detail for specific systems. We are, however, aware of the limitations of GCM projections (e.g. resolution) and by no means do we suggest that our results will be applicable to all adaptation and impacts studies, particularly those that require projections at spatial scales finer than those that GCMs can simulate.
The results in Section 4.2 suggest that caution should be exercised when selecting only one or a handful of models for projections, as unknowingly selecting models with low skill may produce unrealistic climate projections for the region analysed. Indeed small sample sizes should be avoided wherever possible, replaced by a multi-model ensemble consisting of members whose individual skill is considered fit for the purpose (Knutti 2010 , Weigel et al. 2010 . We therefore recommend the use of projections from the BEST ensembles rather than the WORST and ALL ensembles for risk assessment and adaptation planning across the entire PCCSP region and the feature-based regions therein.
To place the 21st century warming of the study region in a global context, Fig. 12 presents the yearly ensemble warming for the B1, A1B and A2 scenarios, averaged for the PCCSP region and the globe. By 2100, warming over the region is ~0.6°C less under the B1 (low emissions) scenario and ~1°C less under the A1B (mid-range emissions) and A2 (high emissions) scenarios, compared to the global average. The annual temperature range for most of the region is generally small (between 5 and 7°C) for both current and future conditions (Perkins 2011) , so imposing a ~1.5 to 3°C warming (Fig. 11) would have much larger impacts on both the mean and extreme climate relative to a climate with a broader temperature distribution (Mearns et al. 1984) . Warming trends throughout the 21st century in the Pacific are comparable to global trends in terms of the sign of the trend ). Fig. 12 shows that the magnitude of the trend (particularly in the latter half of the 21st century) is less than the global average.
An interesting component of projections not addressed in this study is the relation between the climate sensitivity of ensemble members and the greater (smaller) warming observed in the BEST (WORST) ensemble. More specifically, determining if the amount of warming in TAS seen in each ensemble is related to the global sensitivity of the corresponding members; or member response just inherent to the region of interest. Such work would require a depth of analysis that is beyond the scope of this paper; however it is planned for future research.
Lastly, the PR projections presented are calculated as a percentage change from the baseline climate (1980− 1999) . Analysing PR changes as percentages were produced to be consistent with and Mimura et al. (2007) . The region of largest increase in Fig. 5 closely corresponds to the cold tongue in Fig. 3 , which is associated with the dry zone between convergence zones. This implies that large percentage changes may be the result of increases in precipitation in the region of the dry zone, where the amount of precipitation in the baseline climatology is low. Such changes may also be influenced by model cold tongue biases (e.g Bellucci et al. 2010) . Therefore, 
CONCLUSIONS
Overall, changes in surface air temperature (TAS) and precipitation (PR) over the study region (Fig. 1) are similar to the projections presented in Christensen et al. (2007) and Mimura et al. (2007) for the Pacific region. This is to be expected at least to some degree, given that the projections are based mostly on the same GCMs. However, projections presented by and Mimura et al. (2007) are a summary across a wider domain, with no exploration into the performance or spread of the models. This paper has presented additional information not provided by Mimura et al. (2007) and , including:
(1) projections from GCMs with a Pacific-based focus, highlighting spatial and scenario-dependant differences;
(2) the separation of ensemble members based on model skill, and the comparison of the respective mean projections to that of the ALL ensemble (the same all-model ensemble use used in Mimura et al. 2007) ; (3) a measure of uncertainty (standard deviation) among members for each of the 3 ensembles analysed (ALL, BEST, WORST); (4) projections in wind speed (WSP) and wind direction (WDIR); and (5) mean feature-based regional changes as well as the mean feature-based regional differences between the BEST and WORST ensemble subsets relative to the ALL ensemble.
Uncertainty (in terms of ensemble member agreement) has also been quantified, relationships to key drivers and features have been discussed, and the regional warming has been compared with global warming. In summary this study has found:
(1) Over the PCCSP region, surface air temperature increases, precipitation generally increases especially over the equator, wind speed increases and decreases in the south and north, respectively, and wind direction tends to more easterly flows;
(2) Models with less skill in simulating baseline conditions exhibit significant biases relative to the ALL ensemble, where projections are spatially averaged at the regional (i.e. PCCSP domain) and subregional (i.e. WPM-, ITCZ-, and SPCZ-influenced areas) scale. This result is consistent across annual and 6-monthly projections (Tables 2 to 5); (3) Uncertainty (as defined by model consensus) is decreased in some cases for PR, WSP and WDIR, and in all cases for TAS when eliminating models with less skill; (4) As the large-scale climate features such as the ITCZ, SPCZ and the WPM strongly influence mean and seasonal precipitation and atmospheric circulation, changes in these variables are likely to be associated with changes in the climate features. However, disagreement between models about the position and projected change in the climate features makes explaining ensemble mean changes in terms of these features difficult; and (5) Eliminating GCMs that less skilfully simulate the regional climate (Irving et al. 2011) does not reduce all uncertainty from projections (e.g. Jun et al. 2008 , Knutti 2010 ) but does provide ensemble projections that are considered more plausible. Differences between projections based on the models retained (BEST) and projections using all models (ALL) are generally statistically significantly different, especially for TAS. These results and associated projections may prove valuable to those requiring more detail than that presented in the IPCC AR4. Mimura et al. (2007) state that regional climate models (RCMs) are essential for providing quantitative climate projections for the Pacific Island nations. However, due to computation and time restraints, RCMs are generally only driven for a subset of CMIP3 GCMs and generally for just one emission scenario (e.g. , Kjellström et al. 2007 ). Futhermore, running simulations forced by every GCM projection available is not practical, especially for numerous RCMs. Whilst RCM projections may provide an extra level of valuable information, such results would represent a finer resolution sub-sample of the broader range of uncertainty. RCM projections should therefore be interpreted alongside the GCM projections. Lastly, since GCMs are unavoidably used to force future RCM projections, results from the present study combined with recommendations made by Irving et al. (2011) 
